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Abstract: The structure of a medical image analysis system is considered. A histogram analysis of the brightness 
distribution of healthy and cancer cells of epithelial tissue is performed. A segmentation algorithm based on the 
brightness histogram is presented. The model has a set of properties that allow simulating the behavior of real 
tissue. The requirements for the algorithm for detecting tumor cells on a smear are determined. 
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1 Introduction 
Fundamental research in the field of medicine is an 
important and significant part of the progress of 
mankind. One of the prerequisites for this is that 
modern medical technologies are based on 
fundamental research in the fields of physics, 
mathematics, biology, and chemistry because 
progress in science is unthinkable without combining 
achievements in different, interdisciplinary scientific 
fields. Digital image processing is used in all fields 
of science and technology, including in assessing the 
morphological characteristics of cells. Smart systems 
are being intensively developed that are designed for 
the automatic processing of medical images. The 
purpose of processing is to improve the image quality 
for further deciphering of data by the clinician or the 
automatic recognition system. Automated processing 
and analysis of medical images is a universal tool for 
medical diagnostics [1-2]. 

In addition to distortions, the quality of the image 
is also affected by the illumination, as well as the 
contrast of the obtained images. One of the most 
widely used methods for improving the quality of 
images is by increasing the contrast. Since these 
methods redistribute brightness levels within a given 
dynamic range, their application to color images is 
associated with some peculiarities [4, 6]. 

Visual assessment of the morphological 
characteristics of cells is an integral part of human 
research. Even with the development of flow 
cytometry technologies, it is impossible to form a 
complete picture without analyzing cell morphology. 

Therefore, the task of automating the process of 
visual microscopy is urgent. To solve such problems, 
computer image analyzis is used that uses 
microscopic images [3]. 
 
 
2 Application of Histogram Analysis 

to Epithelial Tissue Micrograph 
One of the main problems of mathematical modeling 
of cancer development (as well as of biological 
systems in general) is the fact that the processes that 
unfold are of different scales [8, 13]. Interpretation of 
the image histogram is a very important element 
when working with microscopic images. Detection 
and clasification of cell nuclei is a complex task due 
to the heterogeneous structure and high variability of 
cells. Another feature of the histological image is the 
uneven illumination of the studied tissues, which also 
imposes limitations on the use of traditional 
approaches. 

There are still unknown mechanisms of the 
processes that occur in the tumor. The model allows 
newly discovered molecular mechanisms to be easily 
integrated into it. The model can be generalized to the 
case when epithelial cells spread across curved 
surfaces [9, 14]. In fact, this case is the most realistic, 
since epithelial tissue has a complex topology. The 
number of epithelial cells that can simultaneously 
participate in tissue evolution is limited only by the 
computational power. In order to calibrate the 
physical parameters that reflect the morphology of 
the cells, materials from the cytological examination 
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of patients are studied. Fig. 1 is a micrograph of flat 
epithelial cells, Fig. 1 a is a micrograph of healthy 
cells (larger), and Fig. 1 b is a micrograph of 
cancerous cells (smaller, with a hypertrophied 
nucleus). For the purposes of the study, the images 
were converted from color to grayscale images. Their 
normalized histograms were constructed directly 
from the images of the cells (Fig. 1 c) which shows 
the distribution of the brightness of the pixels in the 
images. Fig. 1 c shows the histograms of the 
brightness distribution of healthy (in brown) and 
cancer cells (in blue) in the studied tissue. 

Fig. 1b shows that cancer cells are, on average, 
smaller in size. This can be explained by increased 
internal pressure and greater tightness in the tumor, 
which arise from rapid cell division. These results 
were obtained by direct measurement of cells from 
micrographs and are qualitatively consistent with 
recent data on cell morphology measurements using 
new optical methods [11-12]. 

Fig. 1a. 

 
Fig. 1b. 

 
Fig. 1c. 

 
Figure 1. Micrograph showing: a) - healthy epithelial 
cells, b) - cancer cells, which have a smaller size and 
an enlarged nucleus; c) - normalized histograms of 
the distribution of pixel brightness in healthy and 
cancer cells along the perimeter 
 

Although healthy cells have a more complex 
shape (Fig. 1a), exotic shapes are not observed when 
the perimeter varies significantly within a fixed cell 
area (Fig. 1b). The cells are tightly packed together, 
forming the continuous two-dimensional surface of 
the epithelium. The potential energy of the entire 
epithelial tissue can be considered: 
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where L and A are the perimeter and area of the 
cell, respectively. The first term in equation (1) 
describes the action of forces that tend to reduce the 
perimeter of each cell, and the second expresses the 
resistance of the cell to tensile and compressive 
actions. The corresponding coefficients of elasticity 
of the medium and  are important parameters of 

the problem. The characteristic value of the area 0A

for healthy and cancerous epithelial cells is 
determined experimentally. Potential (1) makes it 
possible to calculate the forces acting on each cell, 
and hence the evolution of each cell over time, taking 
into account changes in the local mechanical 
properties of the medium. The model has a set of 
properties that allow simulating the behavior of real 
tissue: 

- the possibility of growth of the total number of 
cells in the system by mitotic division under certain 
conditions of evolution; 

- the ability to move cells in the total mass of the 
epithelium through the intercalation mechanism; 

- calculation of the dynamics of the concentration 
of a protein that participates in the regulation of the 
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vital functions of tissues for each cell of the cellular 
ensemble; 

- exchange of chemical signals that occur between 
neighboring epithelial cells across a common 
boundary. 

The description of the mechanical properties of 
epithelial tissue must be supplemented by a 
description of the gene regulation and expression 
processes that occur in the cell nuclei. For this, a 
chain of chemical reactions is calculated for each 
cell. In practice, in a real cell, thousands of reactions 
occur simultaneously in the nucleus. 
 
 
3 Operational principles of the 

algorithm 
The proposed algorithm for tumor cell detection 
consists of two stages, which can be repeated several 
times for the same image. 

In the first stage (based on the study of the 
brightness histogram of the image), threshold values 
for the brightness G and the blue fraction fB are 
selected. In the second stage, the sets of pixels that 
meet these conditions (primary objects) are examined 
to see if they can be considered cancer cell nuclei. If 
the total number of pixels in these fragments is 
significantly less than the preset number, then the 
selection of threshold values is considered 
unsatisfactory and the algorithm is run again. 

The first stage is the study of the histogram and 
selection of threshold values. The first step is to 
locate the peak associated with the image 
background, which will later be a reference, both 
when calculating the optical density and when 
determining the relative colors for the remaining 
pixels. Absolute values should be used only if the 
background peak is not localized. The extreme right 
peak with a sufficiently small dispersion is chosen as 
the peak of the background pixels: the standard 
deviation is less than 10 digits [5, 7]. Then a list of 
maxima (peaks) is compiled that could correspond to 
the nuclei of tumor cells. For this, their optical 
density should be sufficiently large (empirically 
established limit > 0.6) and the average value of the 
blue fraction 𝑓𝐵 = B/(B + G + R) for pixels in this 
maximum should exceed the similar value for the 
background by 0.03 (empirically established limit). If 
several such suspicious maxima are found, they are 
selected sequentially one after the other (in this case, 
the second stage of the algorithm is passed), starting 
from the brightest one. Threshold segmentation is 
performed in terms of brightness and relative gray 
content 𝐺 <𝐺𝑚𝑎𝑥; 𝑓𝐵=𝐵/(𝐵+𝐺+𝑅)<𝑓𝐵𝑚𝑎𝑥. 

The resulting primary objects are compared with 
the existing nuclei. If they are not qualified as nuclei, 
and this is possible in the presence of optically dense 
leukocytes and large platelets, then the next 
maximum will be selected. If the tumor peak is not 
distinguished at all, then threshold values are used, 
which are no longer based on the current histogram, 
but on the search history, and if there is none, then on 
an a priori values. The algorithm scheme is shown in 
Table 1. 

 
Variable 

Object Search 
Algorithm 

Obtaining a 
Brightness 
Histogram 

Localizing a 
Peak Related to 
the Background 

Setting Absolute Limits Determining Limits 
Localizing Possible Leukocyte Peaks 

Clasification by Brightness and Relative Blue 
Share 
End 

Table 1. Schematic of the algorithm for detecting 
primary objects 
 

The second stage is the examination of the 
obtained fragments. This part does not depend on the 
method by which the primary objects were obtained. 
The algorithm for checking selected objects consists 
of three cycles. In the first cycle, too large (A>2000 
µm2) and too small (A<11 µm2) objects are removed. 
Then the optical density and grayscale characteristics 
are measured. If there is a search history, then 
according to the “three sigma” criterion, very bright 
objects with low optical density are removed and the 
color verification procedure is called. The remaining 
objects are conditionally placed in the tumor cell 
class. In the second cycle, the cytoplasmic 
reconstruction around the nuclei continues for the 
remaining objects. The cytoplasm includes a 
connected set of nearby pixels, which with a high 
probability (more than 0.95) are not background 
pixels. The constructed set is rejected if it is too large 
(more than 2000 µm2) or the form factor of its outer 
boundary (the square of the perimeter/area) exceeds 
a sufficiently large value (more than 50). However, 
with tight adhesion to normal cells from similar-
colored cancer cells, the cytoplasm cannot be 
separated in such a simple way. 

If the brightness histogram was used during 
segmentation, then, at the end, the consistency of the 
assumptions and the results obtained are checked. To 
achieve this, the number of pixels of tumor cells 
which was computed is compared with the number of 
pixels in the histogram peak, which is assumed to 
correspond to them. If the differences are significant 
(exceed > 50%), and to the left of the peak of the 
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presumed tumor cells there is one more peak, then the 
above algorithm is run again [15-19]. 
 

 

4 Conclusion 
In conclusion, the model can be generalized to the 
three-dimensional case and is structurally stable. The 
number of epithelial cells that can simultaneously 
participate in tissue evolution is limited only by the 
computational power. Since newly discovered 
molecular processes in cells can be easily integrated 
directly into the model, it can be used to numerically 
analyze the evolution of real tumors under different 
initial and boundary conditions. 
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